Abstract -As marine protected areas (MPAs) are increasingly being utilised as a tool for fishery management, their impact on the food web needs to be fully understood. However, little is known about the effect of MPAs on fish assemblages, especially in the presence of different life history and ecological traits. Modelling the observed changes in fish population structures may provide a mechanistic understanding of fish assemblage dynamics. In addition, modelling allows a quantitative estimate of MPA spill-over. To achieve this purpose, we adapted an existing ecosystem model, OSMOSE (Object-oriented simulator of marine biodiversity exploitation), to the specific case of the presence of fish with multiple life histories. The adapted model can manage 4 main categories of life history identified in an estuary MPA: fish that (1) spend their entire life cycle locally, (2) are present only as juveniles, (3) enter the area as juveniles and stay permanently except during reproduction periods, which occur outside the estuary, and (4) are present occasionally and for a short time for foraging purposes. To take into account these specific life-history traits, the OSMOSE code was modified. This modelling approach was developed in the context of the Bamboung Bolong MPA, located in a mangrove area in the Sine-Saloum Delta, Senegal. This was the ideal case to develop our approach as there has been scientific monitoring of the fish population structure inside the MPA before fishery closure, providing a reference state, and continuous monitoring since the closure. Ecologically similar species were pooled by trophic traits into 15 groups that represented 97% of the total biomass. Lower trophic levels (LTL) were represented by 6 compartments. The biomass of the model species was calibrated to reproduce the reference situation before fishery closure. Model predictions of fish assemblage changes after fishery closure corresponding to the Bamboung MPA creation scenario were compared to field observations; in most cases the model reproduces observed changes in biomass (at least in direction). We suggest the existence of a "sanctuary effect", that was not taken into account in the model, this could explain the observed increase in biomass of top predators not reproduced by the model. Finally, the annual MPA fish spill-over was estimated at 11 tons (∼33% of the fish biomass) from the model output, mainly due to diffusive effects.
Introduction
As a response to the chronic overexploitation of the oceans that threatens marine biodiversity and food security on a global scale (Pauly et al. 2002) , marine protected areas (MPAs) are increasingly being used as a tool for fishery management (Roberts et al. 2005) . Though MPAs are primarily considered a conservation tool, with eventual economic interest based on tourist activity, there is evidence that MPAs can also be used as a fisheries management tool, as benefits for local fisheries have been observed (Russ et al. 2004; McClanahan et al. 2006) , although these benefits depend on a number of factors a Corresponding author: timothee.brochier@gmail.com (White et al. 2010) . It has been shown that the spill-over of an MPA, i.e., the number of fish "exported" from the MPA that become available for fishing, is related to a number of parameters including pre-and post-reserve human exploitation level, MPA size, shape, age, fish life history and fish ecological traits (Claudet et al. , 2010 White et al. 2010 ). This has motivated considerable research toward the development of scientific tools that aid in decision making for MPA design (Pelletier et al. 2008; Kaplan et al. 2010) . To achieve this purpose, we need to fully understand the impact of MPAs on the food web. However, little is known about the effect of MPAs on fish assemblages, especially in the presence of different life history and ecological traits. Trophic interactions and species Article published by EDP Sciences 148 T. Brochier et al.: Aquat. Living Resour. 26, 147-158 (2013) migrations have been demonstrated to determine the impact of MPAs on species but are not sufficiently taken into account in MPA studies (Claudet et al. 2010; Grüss et al. 2011) . This is a direct consequence of the use of classical methodological approaches, such as MARXAN (Ball et al. 2009 ) or ECOPATH (Christensen et al. 2005 (Christensen et al. , 2009 , which generally examine the system in a static state without considering species interactions or migrations. (ECOPATH does allow for interpretations of changes in energy flow through the trophic net.) However, without accounting for the full complexity of fish life histories, there is no way to properly estimate the spill-over of an MPA. In particular, in estuarine MPAs, most of the fish spend only a part of their life inside the reserve. Therefore, this fact must be taken into account during the construction of trophic net models of MPAs, thereby allowing for better estimation of the actual spill-over, qualitatively (by species) and quantitatively.
The modelling of the observed changes that occur in fish population structure after establishment of a MPA can provide in-depth understanding of the dynamics of the ecosystem. MPAs constitute a natural-sized real-world experiment in evaluating the removal of one of the major influences on a marine ecosystem, anthropogenic pressure. Hence, it is a challenge for ecosystem models to reproduce these changes, which would, in turn, demonstrate the validity of the hypotheses made about the main processes driving the ecosystem dynamics. Such validated models could be used both for diagnostic and predictive purposes Size-dependant trophic interactions and migration patterns can be taken into account with an individual-based model (IBM) or using a multi-agent approach. Furthermore, the model must be spatially explicit to integrate the effects of the size and the shape of the MPA, as those are determinants of fish population dynamics and spill over of the MPA (White et al. 2010 ). Shin and Cury (2001a) developed such a model, OSMOSE (Object-oriented simulator of marine biodiversity exploitation), a spatially explicit, size-structured, multi-agent ecosystem model. This model can be used to simulate the effects of MPAs on yields and diversity in a theoretical framework without taking into account the diffusive or migratory characteristics of the resource. Yemane et al. (2009) used a "real configuration" with OSMOSE to study the theoretical impact of creating a large offshore MPA off the coast of South Africa for pelagic and demersal species.
In this paper, we propose to adapt OSMOSE to account for differences in life history. These adaptations would allow OSMOSE to be used to investigate the structural changes of trophic nets and to estimate the spill-over of a small-scale estuarine MPA. Marine species use estuaries in a wide variety of ways, including as a nursery area, as a feeding area for top predators and as year-round habitat for locally spawning species. Thus estuarine MPAs typically include fish with a large diversity of life histories. A configuration of the model for a specific MPA in a West African estuary is presented as an example, but the approach can be applied to any estuarine MPA. There are few MPA models including species interactions (White et al. 2011; Baskett et al. 2007 ). To our knowledge, this is the first modelling tool developed to reproduce field observations of the fish assemblage before and after the fishery closure. Our work is based on data collected over ten years of observation of the Bamboung Bolong, an inverse estuary in the Sine-Saloum Delta of Senegal. This MPA, located in a mangrove area, was created in 2003 and is well documented, as it has been subject to biological monitoring that began before the fishery closure. The main objective of the present work is to present the adaptations made to OSMOSE so as to accommodate the wide variety of life histories found in estuaries and then to apply the model to the specific Bamboung Bolong case.
Materials and methods

Observations and time series
Monitoring in the Bamboung Bolong began in 2002, with 3 campaigns conducted per year to capture the 3 principal hydro-climatic seasons. In each campaign, a number of stations were sampled along the Bamboung Bolong over a 5-day period. Abiotic observations included measurements of temperature, salinity and turbidity. Biological sampling was carried out using a purse seine All fish were identified, weighed and sized. We refer to the team reports for a complete description of the protocol and the observations Albaret et al. 2004; Ecoutin et al. 2010) . Here, we used the data from 2002 to 2009 time series observations, i.e. all of the processed data available at the time of the study. These data were used in two ways: (1) to define the model species and (2) to calibrate and validate the model biomasses and size spectra.
Groups of species
Groups of species were defined by trophic and ecological characteristics (Ecoutin et al. 2010) . Some species or genera (such as Mojarras, African sea catfish and others) form their own group, as they individually represent significant fractions of the total biomass (Table 1) . This led to the definition of fifteen model "species", representing 45 real species out of the 74 species observed in the Bamboung Bolong and more than 97% of the sampled biomass. Physiological characteristics were defined using von Bertalanffy growth and allometric parameters from a typical species of the group. Mean biomasses and size spectra by model species were computed from the data collected in 2002 for the pre-MPA period and averaged from the data collected from 2003 to 2009 for the MPA period. For species that reproduce locally, sex ratio, relative fecundity and reproductive seasonality need to be provided to the model. As fecundity data were not available in the literature for all species, fecundity was estimated using available data of egg diameter, along with an assumption of a constant gonado-somatic ratio of 4%. For this approximation, eggs were considered neutrally buoyant in sea water with a corresponding density of 1.029 g cm −3 Spawning seasonality and sex ratio were directly available from local field data.
Ecosystem model
After a review of the few existing multi-agent ecosystem models (Plagányi 2007) , we chose to use OSMOSE (*) Es: estuarine species; Em : estuarine species from marine origin; ME: marine-estuarine species; Ma: marine species accessory in estuaries; Mo: marine species occasional in estuaries. (**) he: herbivorous; ph: Phytophagous; de: Detritivorous; p1, p2: predator level 1, 2; mc: microphagous; zo: Zooplanktivorous; bt: Benthophagous; pi: Ichthyophagous; ge: generalist. (Object-oriented simulator of marine biodiversity exploitation), a model of energy flow through an age-and sizestructured ecosystem, as it was the most parsimonious model. Please refer to Shin and Cury (2001b) for a complete description of the basics of this model.
Environment
As one of the main objectives of our modelling approach is to study MPA spill-over, we needed to simulate the fish assemblage both inside and outside the MPA to capture the diffusive effect at the border of the MPA. Thus, in our particular case, we chose to model a large part of the surrounding waters, including the area where there was local evidence of fish diffusion from the MPA, i.e., the presence of fishers at the border of the MPA (Kellner et al. 2007) . In this paper the environment is considered homogeneous and constant all year round, so that the only spatial heterogeneity is defined by the fishing effort following MPA closure to fishers. The model grid included a total water surface of nearly 5000 ha, the MPA being 10% of this surface (Fig. 1) . The grid resolution was set at 250 m as a compromise between MPA topology constraints and computing time limitations.
In OSMOSE, the energy input to the ecosystem can be parameterised through an estimate of the lower trophic levels (LTL) biomasses and annual production. The population dynamics of the LTL are not explicitly computed. Mean biomass, yearly production and size spectrum are given as inputs. Six main compartments of the LTL were identified in the Bamboung Bolong, for which biomasses and annual production were estimated either through ECOPATH modelling (Colléter et al. 2012) or from in situ observations.
Time step
Ideally, the time step should be set according to the spatial resolution and hypotheses concerning fish movements. To our knowledge, this relationship has not yet been explored in spatial ecosystem models. In the current standard state of OSMOSE, fish move at each time step to adjacent grid cells following a Brownian scheme. Therefore, the time step should be chosen to correspond with the average time actually spent in an area the size of a grid cell. Here, we selected a time step of 1 month, as more precise information on fish migration and movement was not available. Figure 2 presents a schematic flow diagram that depicts the sequence of processes modelled in a time step.
Number of individuals
In OSMOSE, "individuals" are actually super-individuals that each represent a fish school containing multiple fish that all pursue the same movement, foraging and predation activities. Hence, the number of individuals is a constant of the model that determines the maximum number of schools for a given species and age class. Not only does this parameter have an impact on the computing time, but it also influences the computed interaction strength between fish. Shin and Cury (2001b) ([...] when interactions are too strong or too low, they induce a destabilization of the system (CV/CVe > 1)." In our case, the grid resolution was constrained by the estuary topology, so we performed a sensitivity test of the community biomass with a variable number of individuals. The maximum biomass, and thus system stability, was found using 200 individuals.
Life history categories
As OSMOSE is generally used for very large scales that include all of the fish life cycle, we needed to adapt the model for our small estuary to integrate the possibility of partial presence in the model domain four different ecological categories of estuary use were identified for the species considered in our model: (A) species spending their entire life cycle in the estuary, (B) species only present in the estuary during the juvenile stage, (C) species spending their life in the estuary and migrating outside for reproduction and (D) species entering the estuary occasionally for foraging purposes (Table 1) . Category A species reproduce locally and fall within the original framework of the OSMOSE model. For category B and C species, minimal (and maximal for category B) size observed in the estuary were given, as well as seasonality of juvenile entrance into the estuary For category C species, mature individuals perform seasonal migrations to reproduce outside the estuary. Estuarine population dynamics for categories B and C is initially given by predetermined entrance rates for the arrival of new cohorts, and is then controlled by both predation pressure and food limitation as for category A species. In contrast, for category D, the population dynamics were not explicitly computed by the model. As these top predators have very high mobility in marine systems, their population dynamics are not limited to the MPA or even to surrounding waters. It is assumed that numbers of these species are primarily driven by conditions outside the model domain and that population-wide MPA benefits for these species are negligible (Baskett et al. 2007 ). Here, we made the hypothesis that their presence in the modelled fish assemblage relies on the abundance of prey available to them, and abundance was assumed to have an attractive effect. As soon as the biomass of potential prey falls below a given threshold in a given location, individuals from category D which were present in this location simply exit the modelled system.
There was no explicit modelling of the population dynamics for species reproducing outside the modelled system (category B, C and D). The number of new individuals (juveniles, categories B and C) entering the modelled system per year was constant. These entrance rates were calibrated so that the model reproduced observed biomass values. For category D, the threshold in potential prey biomass required for presence in the model domain was the parameter calibrated (see calibration section). Inter-annual variability in these parameters due to regional scale population dynamics undoubtedly exists, but is not currently accounted for in our model.
Predation
Accessibility of potential prey compartments to predatory fish was defined by (1) the size ratio for predation (Table 2) and (2) other restrictions due to known diet limitations for certain fish. Accessibility rules between predator-prey compartments were determined based on expert knowledge and mainly based on qualitative stomach content analysis and other studies in similar environments (Villanueva et al. 2006) . The original predation hypothesis in OSMOSE is that each fish can eat a potential prey defined in an interval between two fractions of its own length. However, such a relationship being only based on fish length is inappropriate for a system with a strong diversity of species shape, as some fish are higher or wider than they are long, as is the case in our study area (Fig. 3) . As a consequence, the size spectrum of potential prey in this study (Froese and Pauly 2000) . Table 3 . Forced diet parameters. 0 = no accessibility, 1 = full accessibility within the size spectra of potential prey size. Because of natural defences, the accessibility of the African sea catfish group to predation was set at 0 for any potential predator except sharks reported to feed on the African sea catfish. The predation rates for each species, defined as the biomass of prey per unit biomass of predator required to ensure physiological needs of predatory individuals were taken from ECOPATH estimates (Villanueva et al. 2006 ) and ranged from 5 (very large predators) to 32 (tilapines). Critical predation efficiency, i.e., the minimal rate of biomass ingestion over the needed biomass to allow individual growth, and maximum starvation mortality rate, i.e. the additional mortality that occurs when the rate of biomass ingestion over needed biomass is below the critical predation efficiency, were not defined for each species because no data were available. As these processes are poorly documented in the literature, constant values were used (Shin and Cury 2001b).
Macro
Fishing mortality and MPA
In the absence of quantitative data on fish landings, fishing mortality prior to MPA implementation was set at F = 0.7 so as to ensure contrasting results. For medium-to long-lived species, this corresponds to heavy fishing. This mortality was applied to any fish larger than 10 cm, the smallest size landed by local fishers. After the virtual fishing closure in the MPA, the fishing effort was redistributed to the non-protected area such that total effort remained constant over the whole grid (Shin and Cury 2001a).
Initial conditions
Initial biomass conditions, as distributed over the entire size spectrum, for each observed species were established before fishing closure. For category D species, the initial biomass was null, but they could enter the system in the first time steps as soon as there was sufficient prey biomass. For category B and C species, which are not in the area for their whole size spectrum, the initial biomass distribution over the whole size spectrum introduces an error that is rapidly removed after few Resour. 26, 147-158 (2013) time steps. Finally, initial biomass was an important parameter only for local spawners (category A). The initial biomass affected the relative timing of regular oscillations in certain species (Fig. 1) , but long term mean biomass was unaffected by initial conditions.
Calibration
For category A species, biomass calibration was achieved by tuning larval natural mortality (predation mortality is explicit in OSMOSE). For category B and C species, the abundance of juveniles entering the system each year was calibrated. Finally, for category D species, the calibration parameter was the threshold of potential prey biomass needed to attract individuals in each grid cell. This threshold was set as a multiple of the minimal food needed to reach satiety. The model was calibrated based on serial simulations of 15 years with constant fishing effort in space and time (no MPA). The calibration parameters for each species were tuned such that the mean biomass values over the years 5 to 15 were comparable to those observed in the MPA before the fishery closure in the MPA. Each simulation was repeated 3 times, and the mean biomass was obtained from the 3 simulations to compensate for the intrinsic variability of the model. A more rigorous calibration method was also explored using a genetic algorithm to reach the optimal parameters for the observed biomass (Duboz et al. 2010 ). This method allowed us to rapidly detect errors in the model code or inconsistencies in the configuration, such as non-realistic relative fecundity or errors in allometric relationships. When the algorithm found no solution to fit modelled species biomass to the observed biomass, it revealed an incoherence in the model configuration.
Simulation of a fishery closure scenario
Once the model was calibrated to reproduce the annual biomasses observed before the establishment of the MPA, and mean species biomass were stable over a long period (50 years) considering a fishing effort of F = 0.7 (used for the calibration), a simulation of a fishery closure scenario was performed. A 40-year period was investigated, with the same constant, uniform fishing effort of F = 0.7 during the first 20 years and fishery closure in the MPA (F = 0) from years 21 to 40, with a uniform redistribution of the fishing effort over the non-protected area. The same simulation was repeated 3 times and ensemble averages were calculated to control for intrinsic variability.
Output analysis
The output of the model was extracted spatially to separate the part of biomass corresponding to the MPA from the external area. Biomass temporal series inside the MPA were built by spatially averaging the biomass over the corresponding area to generate a model series comparable to field observations. Total MPA spill-over estimations included "diffusion spillover" and "migration spill-over", calculated separately for each species group. The former was computed as the difference of the mean biomass in the model area but outside the MPA after and before the MPA establishment. The migration spill-over included two components integrated over individual years: (1) the sum of the individuals moving out the estuary for reproductive purposes (category C) and (2) the sum of the individuals leaving the estuary once they reach their maximal observed size (category B).
Results
We principally present results from inside the protected area, before and after fishery closure. However, it is worth mentioning that there was also an area topology effect on the fish assemblage predicted in the model due to the single, spatially-limited point of entrance and exit from the MPA (Fig. 1) . Even with a homogeneous fishing effort over the entire model grid, most species' biomass values were significantly higher inside the bolong than in the rest of the area, a result that was robust over the large number of simulations performed for the calibration stage.
Calibration
The tuning parameters obtained from the first manual calibration corresponding to the results presented in this paper are listed in Table 4 . Populations achieved stability in multi-year mean biomasses during the 5-year model spin-up time. However, for the local spawners, there were always low frequency variations in biomass, particularly for high fecundity species in such genera as Bonga shad and mullet species Therefore, averaging over years 5−15 of simulations was necessary to achieve a stable calibration.
Biomass temporal series
Biomass temporal series (Fig. 4) present different variability patterns among species. Locally reproducing species (category A), in particular the mullets, Bonga shad and the tilapines, presented strong biomass variability with an irregular period of approximately 5 years, in line with their longevity in the model. These 3 species groups were generally largely the dominant components of biomass. Only the tilapines displayed a clear biomass increase after the fishing ban at year 21. Species present in the MPA only at juvenile stages (category B) had a strong inter-annual variability in biomass. Grunts were the only group in this category that demonstrated a clear response to the fishing ban, with a tripling of biomass from T = 20 to T = 27, followed by a biomass decrease until T = 35 and then a new increase until the end of the simulation. Species from category C presented strong intra-annual biomass variability due to their seasonal migration outside the MPA for reproduction in the open sea. All species groups from this category displayed an increase in biomass after the fishing ban, although it was less pronounced for Stingrays and rather spectacular for the African sea catfish Lastly, opportunist predators (category D) displayed high intra-and inter-annual variability. The biomass of the very large predators group (sharks and dolphins) increased after the fishing ban, while the large predator group biomass constantly decreased after fishery closure. Comparison between field observed biomass per group of species and model predicted biomass before fishery closure. Note that the vertical scale is logarithmic so as to be able to incorporate the full ensemble of species-groups. Figure 5 presents the initial calibration of the mean biomasses per species. Field data correspond to the mean biomasses observed in 2003, i.e., before the fishing ban, while model biomass outputs were averaged from year 10 to 19 of the simulation. Model biomasses, although not exactly identical to the observed ones, were considered acceptable as they fall within the observational incertitude range and within the inter-annual variability range.
Model -data comparison
Structural changes that occurred in fish assemblage after fishing closure, observed and predicted by the model, are compared in Figure 6 This figure presents the ratio of biomasses in the MPA and before the fishing ban for each group of species, such that the MPA had a positive (resp. negative) impact on species having a ratio superior (resp. inferior) to 1 Among the 15 groups of species considered, 9 present similar biomass tendencies (increase) in both the field observations and the model, although with different amplitudes. The Bonga shad, mullets, tilapines and estuarine macrophagous biomass decreased in the field observations while it increased in the model. In contrast, the large predator group biomass increased during the field observations, while it slightly decreased in the model prediction.
Spill-over estimates
The model predicted a total annual spill-over increase of approximately 11 tons after fishery closure, corresponding to approximately 22% of the total biomass estimated by the model in the MPA (approximately 50 tons) and approximately 156 T. Brochier et al.: Aquat. Living Resour. 26, 147-158 (2013) 33% per cent of the total biomass observed through field samplings (approximately 35 tons). The great majority of the spillover (75%) occurred through fish diffusion at the border of the MPA, while long distance migrations were responsible for 25% of the spill-over (Fig. 7) . Most (82%) of the spill-over involved diffusion of locally reproducing species (category A, Fig. 7 ). Seasonally migrating species (category C) accounted for 15%, the very large predator group accounted for 3% and species returning to the sea after spending their juvenile stage in the MPA accounted for less than 1% of the spill-over. These values were roughly correlated with the proportion of each category in the MPA.
Discussion
The model properly reproduced the overall observed situation in the Bamboung MPA. The large variability predicted for mullets and Bonga shad is coherent with typical population dynamics of these local, high-fecundity spawners (Denney et al. 2002) . Model predictions of the directionality of changes in fish biomass after fishery closure were in agreement with observed field changes for 11 groups of species among the 15 represented by the model. However, there were a number of discrepancies between the model predictions and field observations for the other species. Field observations presented a decrease in biomass for the Bonga shad, mullets and the tilapines species group, a decrease that was not predicted by the model. This is likely related to an increase in the biomass of large predators in field observations, while the model predicted a biomass decrease for this group. We suggest two possible explanations for this discrepancy. First, there may have been an incorrect definition of the diet of large predators that would lead to over-estimation of their predation on estuarine predators and grunts and under-estimation of their predation on Bonga shad, tilapines and mullets, suggested by the analysis of diet per species (not shown). The purely size-based predation applied here does not take into account the different level of accessibility depending on prey habitats (e.g. pelagic or mangrove). The other explanation may be the existence of a "sanctuary effect" that may attract large predators to the MPA, not only to forage, but also in an attempt to avoid the surrounding fishing pressure. Several clues from field observations suggest the existence of this sanctuary effect, as the biomass of Table 1 ). The total spill-over of the AMP was estimated to 11 tons. the large predator group immediately increased in the MPA after fishery closure, before the increase of their potential prey biomass. Such behaviour was not included in the model, so the difference between the model predictions and field observations in large predator biomass could be due to this sanctuary effect.
The spill-over predicted by the model mainly comes from fish diffusion through the MPA boundary. This result is somewhat surprising, given very little interface between the MPA and the surrounding, non-protected environment in comparison with the MPA size (Fig. 1) . However, most of this diffusion spill-over is due to local spawner species, which include species that are strongly over-estimated in biomass by the model. Furthermore, the calculation of the diffusive spill-over actually includes larval export for these species. Spawning in OSMOSE is currently represented as an even redistribution of eggs over the entire model grid, regardless of the position of the adult biomass. Hence, any increase in the biomass of the local spawners in the MPA generates an increase in the number of eggs released in the non-protected area.
The trends in biomass change of the seasonal migrating species (category C) and juvenile species (category B) were correctly represented by the model. Thus, their share in the total spill-over, 25%, is more reliably estimated, even if their biomass values were generally under-estimated. However, these species migrate over quite long distances toward the open sea. Thus, this part of the spill-over is diluted in a very large area and might not be detectable for local fisheries, except at the time of fish transition at the MPA boundary.
Conclusion
The model configuration presented here, although imperfect, provides promising fish assemblage modelling results in the presence of different life histories. Four categories of life history were defined, and for 3 of them, OSMOSE was adapted to take into account parameters other than fecundity and larval mortality to determine their population dynamics. Ideally, the species groups represented should share not only ecological and trophic categories but also other characteristics such as growth parameters, range of potential prey size and allometric relationships. However, since each group was largely dominated in biomass by the type-species, we considered this approximation as acceptable.
Discrepancies between model predictions and field observations suggested that for the large predators group, the sanctuary effect might be significant, as the food availability alone did not allow the model to reproduce their increase in biomass in the MPA. It is difficult to estimate the potential effect of such a sanctuary effect that may cause the arrival of more predators in the MPA, as it may have complex implications for the whole fish assemblage through trophic cascade. However, a number of model outputs, not presented here, allow size spectra, trophic flows and spatial distributions to be checked.
Future improvements of the Bamboung configuration include the development of species habitat definitions that might play a major role in predator-prey encounters rate. This should allow the predicted trophic flows to more closely match reality by including stomach contents and expert advice. Additionally, local spawners should be differentiated between sedentary species spawning inside the MPA and other species that distribute their spawning all over the model grid, as currently is the standard in OSMOSE. The relationship between the hypotheses made about fish movements, spatial grid resolution and model time step also need to be studied in more detail for each species, as the hypotheses might have major implications for the average time spent in the MPA (Apostolaki et al. 2002; Moustakas et al. 2011) The question remains how to overcome the difficulty of accessing field information based on ecological traits that cannot be extracted from standard observation protocols. Identification of local ecological knowledge could aid in filling this gap as needed for model configuration improvement. Such an approach would also legitimatize the use of model predictions for fishery management purposes among local fishers (Johannes et al. 2000; Moreno-Báez et al. 2010) .
